Abstract Future projections of east Amazonian precipitation indicate drying, but they are uncertain and poorly understood. In this study we analyze the Amazonian precipitation response to individual atmospheric forcings using a number of global climate models. Black carbon is found to drive reduced precipitation over the Amazon due to temperature-driven circulation changes, but the magnitude is uncertain. CO 2 drives reductions in precipitation concentrated in the east, mainly due to a robustly negative, but highly variable in magnitude, fast response. We find that the physiological effect of CO 2 on plant stomata is the dominant driver of the fast response due to reduced latent heating and also contributes to the large model spread. Using a simple model, we show that CO 2 physiological effects dominate future multimodel mean precipitation projections over the Amazon. However, in individual models temperature-driven changes can be large, but due to little agreement, they largely cancel out in the model mean.
Introduction
The Amazon rainforest accounts for 40% of global tropical forest area (Aragão et al., 2014) and plays an important role in the global carbon cycle (Malhi et al., 2006) . Amazonian vegetation and carbon balance are sensitive to changes in precipitation patterns (Gatti et al., 2014; Hilker et al., 2014; Phillips et al., 2009 ). However, observed trends and future projections of Amazonian precipitation are highly uncertain (Duffy et al., 2015; Fu et al., 2013; Joetzjer et al., 2013; Orlowsky & Seneviratne, 2013 Samset et al., 2016) . Fast precipitation responses can occur on time scales of days to weeks due to the near-instantaneous impact on the atmospheric energy budget Lambert & Faull, 2007; Mitchell et al., 1987) and can produce significant regional changes (Bony et al., 2013; Richardson et al., 2016; Samset et al., 2016) .
CO 2 causes fast precipitation changes not only due to radiative effects but also due to effects on plant stomata (Cao et al., 2009; Andrews, Doutriaux-Boucher, et al., 2010) . Higher CO 2 concentrations reduce stomatal opening, decreasing evapotranspiration. This is known as the CO 2 physiological effect (Field et al., 1995; Betts et al., 1997) . Around 30% of Amazonian precipitation is thought to be fueled by terrestrial evapotranspiration (Brubaker et al., 1993; Van Der Ent et al., 2010) . Given the high level of vegetation and water recycling, the CO 2 physiological effect could strongly affect Amazonian precipitation, as highlighted in previous studies (Abe et al., 2015; Andrews, Doutriaux-Boucher, et al., 2010; Chadwick et al., 2017; Pu & Dickinson, 2014; Skinner et al., 2017) . However, the precipitation response is uncertain and poorly understood.
To improve understanding of Amazonian precipitation, we analyze a range of climate simulations from the Precipitation Driver Response Model Intercomparison Project (PDRMIP) and CMIP5, isolating the response to a variety of forcing agents (CO 2, CH 4 , SO 4 , black carbon (BC), and insolation (SOL)) and examining the role of fast versus slow responses. Using CMIP5 simulations, we isolate the physiological effects of CO 2 on Amazonian precipitation from a multimodel perspective. We construct a simple model for estimating Amazonian precipitation change to establish the main driver of projected changes for the end of the 21st century.
Data and Methods

Precipitation Response to Forcing
Using output from 10 climate models participating in PDRMIP (see Tables S1-S3 in the supporting information  and Myhre et al., 2017) , we analyze the precipitation response to five abrupt global forcing scenarios: doubling CO 2 concentration (2×CO 2 ), tripling methane concentration (3×CH 4 ), 10 times BC concentration or emissions (10×BC), five times sulfate concentration or emissions (5×SO 4 ), and a 2% increase in insolation (2%SOL). Perturbations are relative to present-day or preindustrial values. Simulations were performed with sea surface temperatures (SSTs) fixed for 15 years and with a coupled ocean for 100 years. Responses are calculated by subtracting a control run from perturbed runs. The PDRMIP models include stomatal conductance sensitivity to CO 2 .
We separate the precipitation response into a forcing-dependent fast component and a temperature-driven slow component . The fast component is taken as the mean response in fixed-SST simulations, in which temperature-driven feedbacks are inhibited. The slow response is calculated using equation (1):
where δP slow is the slow component, δP tot is the total response (taken as the mean response in the final 50 years of the ocean-coupled simulations), and δP fast is the fast component.
Energy and Moisture Budget Changes
To understand the precipitation responses, we analyze the local atmospheric energy and moisture budgets that provide constraints on precipitation as shown in equation (2):
where L is the latent heat of condensation, P is local precipitation, LWC is net atmospheric longwave radiative cooling, SWA is net atmospheric shortwave absorption, SH is sensible heat flux from the surface, H is dry static energy (DSE) flux divergence, LH is latent heat flux from the surface, M is moisture convergence, and δ represents a perturbation between climates. δH and δM are calculated as residuals. H is driven by changes in horizontal and vertical winds and DSE gradients. In the tropics horizontal DSE gradients are small; therefore, changes in H are indicative of changes in vertical motions or the vertical temperature profile of the atmosphere (Muller & O'Gorman, 2011) .
CO 2 Physiological Effect
Output from 12 CMIP5 models (Table S5 ) is used to isolate the CO 2 physiological effect on precipitation. Two sets of experiments (Table S4 ) are analyzed in which SSTs are fixed, and atmospheric CO 2 quadrupled. One set includes physiological effects (sstClim and sstClim4×CO 2 ) and one set does not (amip and amip4×CO 2 ) (Taylor et al., 2011) . The sstClim simulations include a sensitivity of stomatal conductance to CO 2 concentration that determines the evapotranspiration flux (Table S6 ). In amip simulations either the terrestrial carbon cycle is switched off or vegetation does not see the increase in CO 2 .
The response for each set of experiments is calculated by differencing the perturbed run (sstClim4×CO 2 or amip4×CO 2 ) and respective control run (sstClim or amip). We then isolate the physiological effects by differencing the two sets of experiments. Although baseline SSTs also differ between experiments, the precipitation changes are shown to be driven locally, suggesting SSTs have little effect. Not all models performed both sstClim and amip experiments. Consistent results are obtained when using only models that performed both ( Figure S1 ).
Projected Precipitation Change
Based on the PDRMIP 2×CO 2 simulations, we construct a simple model to estimate the contribution of CO 2 and increasing temperature to projected Amazonian precipitation change by the end of the 21st century (2081-2100). For each PDRMIP model we compute an R factor for CO 2 , which is the fast precipitation response per unit global-mean top of the atmosphere (TOA) forcing, and a hydrological sensitivity (HS), which is the slow precipitation response per unit global-mean temperature change, as shown in equations (3) and (4):
where δP fast and δP slow are the fast and slow precipitation responses to doubling CO 2 (see section 2.1 for fast, slow, and total definitions), F CO2 is global-mean TOA CO 2 forcing, δT tot is the total global-mean surface temperature response, and δT fsst is the global-mean surface temperature response in the fixed-SST simulations (due to land surface). We then use the PDRMIP multimodel mean R and HS to estimate precipitation change following two Representative Concentration Pathways, RCP4.5 and RCP8.5, as shown in equation (5):
where δP is precipitation change at time t, R PDRMIP is the PDRMIP multimodel mean R factor, F CO2 is globalmean TOA CO 2 forcing at time t, HS PDRMIP is the PDRMIP multimodel mean HS, and δT is global-mean surface temperature change at time t. F CO2 values are taken from Meinshausen et al. (2011) , and δT is taken as the CMIP5 multimodel mean for the years 2081-2100. CMIP5 precipitation and temperature projections are calculated using output from 15 models (Table S5 ) which include CO 2 physiological effects. Equation (5) is used to estimate precipitation change for the region mean shown in Figure 1a , and spatially by calculating R and HS for each grid point.
Results and Discussion
Precipitation Response to Forcing
We first look at the Amazonian precipitation response to individual forcings using the PDRMIP model ensemble ( Figure 1 ). Doubling CO 2 reduces precipitation over much of the Amazon, in particular the central and eastern regions ( Figure 1a ). Conversely, along the northwestern edge of South America precipitation increases. The models exhibit good agreement on reduced precipitation in the northeast. However, the magnitude of change and how far it extends west is variable.
Increasing BC also drives considerable drying over the Amazon (Figure 1d ), with 80% of models agreeing on reductions over much of northern South America. The 3×CH 4 , 5×SO 4 , and 2%SOL produce only small changes in the central and eastern Amazon (Figures 1b, 1c , and 1e). Sulfate and solar forcing affect precipitation more in the west, with increased insolation enhancing precipitation, and increased sulfate causing drying. Figure 1f shows the mean precipitation responses for the region outlined in Figure 1a , encompassing eastern and central Amazonia (ECA). The responses are split into contributions from the forcing-dependent fast response, and temperature-driven slow response (temperature responses shown in Figure S2 ). The ECA region-mean responses to 3×CH 4 , 5×SO 4 , and 2%SOL are small, though intermodel spread is large. The negligible precipitation response to SO 4 and solar forcing arises due to opposing fast and slow terms. Increased SO 4 produces a negative fast response, mainly due to reduced DSE flux divergence ( Figure S3a ). This can be explained by reduced downwelling shortwave radiation at the surface, which reduces the land-sea temperature contrast, reducing convection and precipitation over land (Chadwick et al., 2014; Richardson et al., 2016) . The opposite effect occurs for solar forcing. The slow response counteracts these changes; increasing precipitation as global temperatures decrease due to SO 4 , and decreasing precipitation as the climate warms due to solar forcing. The model-mean slow response is negative per unit temperature change for all scenarios except 3×CH 4 , but the magnitude varies ( Figure S3b ).
Increased CO 2 drives a large reduction in precipitation over the ECA region. The response is dominated by the fast component (À91.1 ± 90.6 mm yr À1 ), compared to the slow (À19.9 ± 104.4 mm yr
À1
). Despite considerable model spread, the negative fast response is very consistent, with 90% of models agreeing on sign. Although the fast component dominates the model mean, the slow component often contributes significantly in individual models. In 50% of models the temperature-driven responses are larger than the fast component, but there is little agreement on sign.
Increased BC drives reduced precipitation over the ECA region. The model-mean response to 10×BC is dominated by the temperature-driven response (À118.3 ± 122.3 mm yr À1 ), rather than the fast component (À44.0 ± 45.3 mm yr À1 ). The intermodel spread is large, but the sign of change is robust across models. Figure 1g shows the seasonal breakdown of the ECA region-mean 2×CO 2 precipitation response. The slow response causes reduced SON precipitation, indicating a strengthening of the late dry season. Previous studies have shown that future projections suggest a strengthened and longer dry season (Boisier et al., 2015; Joetzjer et al., 2013) . However, the slow response also enhances JJA precipitation, resulting in little annualmean change. The fast response drives reduced precipitation throughout the year, with the largest reduction during the wet season.
BC drives larger reductions in precipitation during the dry season (Figure 1h ), when higher levels of biomass burning occur in South America. Hodnebrog et al. (2016) similarly found that BC most strongly affects precipitation in South Africa during the dry season.
Energy and Moisture Budget Changes
To understand the mechanisms driving the ECA region-mean precipitation response to CO 2 and BC, we analyze the energy and moisture budgets (Figure 2 ). The negative CO 2 fast response arises mainly due to repartitioning of sensible and latent heat fluxes, as well as reduced LW cooling (Figure 2a ). CO 2 strongly affects surface heat fluxes, reducing LH and increasing SH. The changes in surface fluxes are caused by physiological effects (see section 3.3). The changes in horizontal heat and moisture transport, associated with circulation, are very uncertain. The LH response also exhibits considerable intermodel spread and is highly correlated with the fast precipitation response intermodel spread (r = 0.92). Given that both evapotranspiration and precipitation decrease, the change in surface runoff (P À E, equivalent to M) is relatively small (À21.8 ± 51.1 mm yr À1 ).
The negative fast precipitation response to BC is driven by increased atmospheric shortwave absorption ( Figure 2c ). The uncertainty largely arises from the circulation response, with changes in moisture convergence contributing strongly to intermodel spread (r 2 = 0.90).
The slow response to 2×CO 2 is small due to counteracting energy budget feedbacks (Figure 2b ). LW cooling increases with warming, which is countered by increased SW absorption, increased SH, and reduced divergence of DSE flux. The LW and SW radiative feedbacks per unit Kelvin are fairly consistent across forcing scenarios ( Figure S3 ). The different slow precipitation responses across forcings largely arise from the SH feedbacks.
For 2×CO 2 , changes in horizontal DSE and moisture fluxes are very uncertain ( Figure 2b ) and contribute strongly to intermodel spread in the slow precipitation response (r 2 = 0.92 and r 2 = 0.85). Therefore, although the model-mean slow response is small, in individual models temperature-driven circulation changes can drive large changes in precipitation. However, the slow response shows little agreement in sign or magnitude. Circulation changes are known to be important for tropical precipitation patterns (Chadwick et al., 2013; Chou et al., 2009; Seager et al., 2010) . Future circulation changes are uncertain and may be strongly influenced by chaotic natural variability and model errors (Shepherd, 2014) .
Despite causing a weak global temperature response, 10×BC produces a large negative slow precipitation response over the Amazon. The slow response is robustly negative but variable in magnitude. This is mainly driven by circulation changes, indicated by reduced divergence of DSE flux and moisture convergence (Figure 2d) . BC has been shown to drive northward shifts in the intertropical convergence zone (ITCZ) in models (Chung & Seinfeld, 2005; Jones et al., 2007; Kovilakam & Mahajan, 2015) , due to the forcing asymmetry. The ITCZ shift is evident in the slow precipitation response spatial pattern ( Figure S4 ). These circulation changes, combined with a repartitioning of LH and SH, drive the negative slow precipitation response. However, it should be noted that the 10×BC perturbation is large. If the total precipitation response is linearly scaled based on TOA forcing to present-day levels (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) relative to preindustrial, the response reduces to À25.9 ± 8.3 mm yr À1 .
The largest increases in BC occur over Asia (Myhre et al., 2017) . However, the large changes in BC over Asia drive very little change in Amazonian precipitation ( Figure S5 ), indicating local biomass burning emissions drive the response. Figure 3 shows the role of physiological effects on plants in driving the fast precipitation response to CO 2 by comparing CMIP5 sstClim4×CO 2 simulations (include physiological effects) and amip4×CO 2 simulations (do not include physiological effects). In the amip4×CO 2 simulations multimodel mean precipitation increases over most of tropical South America. In contrast, in the sstClim4×CO 2 simulations drying extends much further inland from the east. Figure 3c shows the difference between scenarios. Over much of the Amazon, particularly in the east, CO 2 physiological effects drive considerable drying. In contrast, along the west coast precipitation is enhanced. The multimodel mean response is generally in agreement with previous singlemodel studies (Abe et al., 2015; Andrews, Doutriaux-Boucher, et al., 2010; Pu & Dickinson, 2014; Skinner et al., 2017) . Figure 3d shows the physiological effects on energy and moisture budgets for the ECA region. The reduced precipitation due to CO 2 physiological forcing is almost entirely due to repartitioning of sensible and latent heat fluxes. Increased CO 2 reduces stomatal conductance (Field et al., 1995) , reducing evapotranspiration. In the Amazon, where water recycling is important (Zemp et al., 2014) , the reduction in evapotranspiration drives considerable drying. Surface energy balance is maintained through increased SH flux. There is very little change in horizontal heat and moisture fluxes, indicating the importance of local changes.
CO 2 Physiological Effect
The strongest reductions in precipitation occur in the eastern and central Amazon. This may be because the evaporation recycling ratio (fraction of local evaporation which returns as local precipitation) is higher in the east (Van Der Ent et al., 2010) . The increase in precipitation along the west coast is consistent with Skinner et al. (2017) , who found that decreased evapotranspiration warms the land surface and draws moisture from the nearby ocean, increasing convective instability and heavy rainfall events.
The CO 2 physiological effect also drives a large fraction of the fast precipitation response uncertainty for the ECA region. The intermodel standard deviation in the sstClim4×CO 2 simulations (109 mm yr
À1
) is over double that for amip4×CO 2 (42 mm yr À1 ). Including CO 2 physiological effects considerably increases the uncertainty in latent and sensible heat flux responses ( Figure S6 ), which contribute strongly to the large model spread. In addition, the uncertain response of surface heat fluxes leads to more uncertainty in the horizontal transport of energy and moisture. This is consistent with studies which have shown uncertainty in transpiration sensitivity contributes strongly to uncertainty in the global-mean fast precipitation response to CO 2 (DeAngelis et al., 2016) and future projections of terrestrial precipitation (Mengis et al., 2015) .
Projected Precipitation Change
We have shown that the reduction in precipitation over central and eastern Amazonia in response to CO 2 is dominated by the fast component, which is driven by physiological effects on evapotranspiration. Therefore, given that CO 2 forcing increasingly dominates in future emission scenarios (van Vuuren et al., 2011) , the CO 2 physiological effect could play a key role in projections. To quantify the potential contribution of CO 2 to precipitation change over the Amazon by the end of the 21st century, we construct a simple model based on the PDRMIP results. Precipitation change over the Amazon is estimated by scaling the fast component based on CO 2 TOA forcing for the end of the century and scaling the slow component based on global-mean surface temperature change (equation (5)). The simple model is compared with CMIP5 multimodel mean projections, calculated using 15 models (Table S5 ) which include physiological effects (Collins et al., 2013) , in Figure 4 .
The CMIP5 projections indicate drying over large areas of the Amazon particularly in the east, south, and north. In contrast, along the west coast of South America precipitation increases. Changes are larger for RCP8.5, following a business as usual emissions scenario, but the spatial pattern is very similar. Despite the large predicted changes, there is considerable variation across models. Over tropical South America there are very few regions in which more than 80% of models agree on the sign of change. Although agreement on the spatial pattern is low, models consistently project large changes (Chadwick et al., 2015) .
The simple model predicts a similar drying (À151.1 ± 82 mm yr
À1
) over the ECA region as CMIP5 projections (À160.9 ± 241 mm yr À1 ) following RCP8.5, driven almost entirely by the fast response to CO 2 . For RCP4.5 the simple model predicts more drying (À87.1 ± 47 mm yr À1 ) than CMIP5 projections (À34.5 ± 120 mm yr
). The comparison suggests that projected drying in the ECA region is predominantly driven by CO 2 physiological forcing. Therefore, projected drying is independent of increasing temperatures, as supported by the lack of correlation between global-mean warming and precipitation change across CMIP5 models (r = 0.16 and À 0.09 for RCP4.5 and RCP8.5).
Spatially, there are very similar features between the simple model and CMIP5 projections. These include significant drying over the eastern, southern, and northern Amazon, and increased precipitation in the west, all of which are predominantly driven by the fast response to CO 2 ( Figure S7 ). There are some notable differences, such as in the western Amazon, where enhanced precipitation extends further east in CMIP5 projections. This may be due to drivers not included in the simple model, such as land use change, aerosols, and greenhouse gases other than CO 2 . Land use change is likely to be the most influential forcing not included (Spracklen & Garcia-Carreras, 2015) and may account for the difference between the simple model and CMIP5 projections for the ECA region-mean under RCP4.5.
The simple model indicates that CO 2 physiological forcing could dominate multimodel mean future projections of precipitation change over large areas of the Amazon. However, individual models show that temperature-driven circulation changes can be large but are highly uncertain and show little agreement.
Conclusions
We have presented the Amazonian precipitation response to individual atmospheric forcings using the PDRMIP model ensemble. Precipitation changes exhibit considerable intermodel spread, but there are some robust signals. Increased BC drives a robust drying over the Amazon; however, the magnitude of change varies across models. The reduction in precipitation is largely due to temperature-driven circulation changes, associated with a northward shift in the ITCZ. The fast precipitation response to BC also contributes to drying due to enhanced SW absorption.
Increased CO 2 concentrations drive reduced Amazonian precipitation, particularly in the east. The modelmean drying is dominated by the fast component, for which 90% of models agree on reduced precipitation over the ECA region. Using CMIP5 model output, we find that physiological effects dominate the fast response to CO 2 over the Amazon, through a change in partitioning of sensible and latent heat fluxes. Higher CO 2 concentrations reduce stomatal opening and consequently evapotranspiration. This limits moisture availability and precipitation over much of the Amazon, particularly in the east. Physiological effects also drive increased precipitation along the west coast. Physiological effects contribute strongly to the uncertainty in Amazonian precipitation changes, over doubling the intermodel spread for the ECA region. Using a simple model based on CO 2 TOA forcing and global-mean surface temperature change, we quantify the potential contribution of CO 2 to precipitation changes over the Amazon by the end of the century (2081-2100) relative to preindustrial. The simple model suggests that CMIP5 multimodel mean projected drying over the ECA region is predominantly driven by CO 2 physiological effects. This implies that projected Amazonian precipitation change is independent of rising temperatures, being mainly driven by atmospheric CO 2 concentration. However, it should be noted that temperature-driven changes can be large in individual models but show little agreement. Our findings illustrate the importance of short-time scale processes on long-term precipitation change in this region and highlight the need to reduce uncertainties associated with vegetation schemes.
